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PARTNERS OVERVIEW
¢ LIEGE ‘ & O This study utilizes mobile-phone-based OD-matrices and land use data to predict the travel
b université demand for the province of Liége, Belgium.
# Wal-e-Cities O We apply the K-means clustering to the hourly aggregated net flow data to create traffic

analysis zones (TAZs) clusters.

i O We validate the clusters based on the land use using the logit regression model
LEMA M!m: ‘ U We deploy machine learning algorithms to estimate OD-flows considering land use features.
1. Context 2. METHODS 015
Understanding the relationship between land -
use and dynamic human mobility is crucial to in-means
transport planning. In this study, we obtain land — i

use data from Walloon geoportal WalOnMap.

) ) Mobile M_IWIG Traffic analysis zones Land use data 010
Mobile phone data are available as two weeks’ QDratices (az) [
hourly aggregated OD-matrices for the province 005
of Liege (310 zones). The calibration has been
H HH TS TAZ-based clusters
done by Wallonia SPW  Mobilité et characteristics 000 51 SE e % ey TR

Infrastructures concerning the level of activity of
users observed, Proximus market share, GSM

penetration, and the number of inhabitants in
Belgium.

FIGURE 5 | Random Forest with feature
importance score: p = population, dist =
distance, day = day number, hour = 24 hour
Relationship of TAZ-based within a day, A = Agriculture percentage, S =
peill [l ) Secondary production, T = Tertiary

production, R = Residential percentage for
o B origin (1) and destination (2), respectively
HistGradientBoosting
Multilayer Percep(my . . .
TABLE 2 | Hourly OD estimation comparison
)
Estimated OD-trips

RF (withoutland ~ 0.9871 5.2796 0.8627

use)
FIGURE 2 | Proposed overall modeling RF (with land use) 0.9872 5.2720 0.8639
framework
FIGURE 1 | Land use of the province of Liege HGB (with land 0.9454 22.4833  0.7839
use)
3. Results b) Binary logit regression MLP 07331 109.9652 0.8059
o Z X . (with land use)
Input: Y = two clusters derived from K-means; N ———
a) K-means clustering X = land use percentage and population density
. . converged
Input: normalized net flow (number of arrival for each TAZ
minus number of departure) derived from four Found: Mcfadden R?=0.298, Accuracy = 0.85, MLP (with land use 0.9735 10.9131  0.8515
24 hours OD-matrices, one regular weekday (d1), Accuracy cluster0 = 0.64, and spatial and
one regular weekend day (d2), one holiday Accuracy clusterl = 0.88 temporal one-hot
weekday (d3), one holiday weekend day (d4) : . encoding)
Found: two clusters with Silhouette score 0,358 BLE 1| Logit Regression Results sliraiions
coef  stderr 2z P>|g [0.025  0.975] converged
—— cluster0 density_km2 -0.0010 0.000  -2.153  0.031 -0.002  -9.32e-05
P = clusterl Agriculture 2.4427 0.476 5.130 0.000 1.510 3.376.
‘_0_ Forestry -0.3828 0.735 -0.521 0.603 -1.824 1.058
- OtherPrimary  15.1242 16.371 0.924 0356 -16.962 47.210
g v Secondary -24.7948 8.934 -2.775  0.006  -42.304 -7.285
B ‘ertiar -10.426: 5. -1.93 .05 - 5 .16
i Redese woa0 a1 o0 oo aen wes  CONCLUSIONS
g ° Transport -6.9078 4.607 -1.499  0.134  -15.937 2.122
H Nature 1.5578 3.863 0.403  0.687  -6.014 9.130
£ a OtherUse 8.0946 5.382 1.504 0.133 -2.454 18.643 . . e
’ The framework first identifies
797055 s P07 620N T 9o Te T P88 TR ¢) OD Estimation Liége District (123 zones) attractive and generative TAZs based
0o - on net flow.
£ —— clusterl 500 As a first validation outcome using
i 000 2 binary logit regression, land use such
g, o 2500 as  Agriculture  (main  primary
g: . production), Tertiary production and
5° Bason Residential area have significance
[ L] . .
g“' % 558 influence on the arrival and departure
o .
° O I w0 trips.
& & A RS & Including land use in OD estimation
e IVT ¢ lized net fl By . i . . i . . based on Random Forest has slightly
| ea'n or normalize y ne Oow over o 500 1000 1‘:2“[_2210 2500 3000 3500 improved the result. However, the
space at each time step (Upper); Mean of land spatial and temporal effects need to be
use percentage for each cluster (Lower) FIGURE 4 | Random Forest with land use further studied
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